The objective of this contribution is to present a mathematical model (Mixed Integer Linear Programming) for the facilities and biorefinery locations, and the logistic management. For the model formulation, we first need a geographical discretization of the region in which the supply chain would be implemented and the identification of the different biomass sources and their availability in this region. The technological, ecological, economic and social data are also mandatory to run the model. As in supply chain there are short-term and mid-term decisions, the time horizon must be discretised. The original contents of the model are threefold: integration of multiscale aspects, taking into account of the biomass characteristics, optimization of the supply chain with economic, environmental and social criteria. As a result the model determines the number, the location and the capacity of bio refinery and facilities.
Introduction
In order to reduce greenhouse gas emissions and fossil reserve dependency, biomass has received increasing interest as a renewable source to meet the increasing demand for energy and materials substitution or complement. The two first criteria were largely discussed on the literature but on the social aspect, few studies are published in the supply chain optimization. Biomass has also an important role to play as it has the potential to promote rural development thanks to job creations for example. Consequently, we need to evaluate and to include these criteria in decision making. The sustainable utilization of biomass requires advanced approach for biomass supply chain that range from harvesting to bioproduct delivery, in order to conceive long term viable projects and to deal with biomass specificities (heterogeneity, seasonality, degradation). This work deals with the strategic and tactical levels of the biomass supply chain by considering location problems coupled with biomass production, and biomass and bioproduct storages, transportations as they significantly influence economic, environmental and social impacts. (Kravanja and Cucek, 2013) and (PerezFortes et al., 2014) have presented a detail state of the art in the combination between multi objective optimization and mathematical programming. Indeed the formulation of MILP (or MINLP) allows to reach relevant data for facility and for flow. The aim of this contribution is to propose a multi objective optimization problem to fill two gaps left by previous researches. First, the social criteria were very little introduced in the objective function. To evaluate this criteria a new approach is proposed to estimate the number of jobs created by the activity generated by the implantation of a new firm in a specific area. Secondly, we propose a new mathematical approach to solve the multi objective optimization model.
Superstructure
The first step is to define the system boundaries, because the development of a biomass supply chain for bioethanol production considers a succession of activities from biomass harvesting to blending facilities. Once harvested the biomass is shipped to collection facilities or directly to biorefineries. In the collection facilities, the biomass is stored and then sent to processing facilities (biorefineries). The bio ethanol produced is then delivered to blending facilities. The goal of the mathematical model is to take decisions related to the supply chain and to optimize the facilities (i.e. the biorefineries and collection facilities) number, sizes and locations but also to determine the connections and the flows between collection facilities and biorefineries and between refineries and blending facilities. These decisions are based on multi criteria analysis relying on economic, environmental and social (limited to the number of jobs created) evaluations. As underlined by (Eksioglu et al., 2009 ) the mid and short-term decisions in a biomass supply chain relate to determine for each time period: (i) the amount of biomass harvested, (ii) the amount of biomass and bioethanol transported, (iii)) the amount of biomass processed in each biorefinerie, (v) the level of inventories of biomass in collection facilities and in biorefineries, (vi) economic, environmental and social metrics quantificationIn the proposed model, the locations of the harvesting sites and blending facilities are supposed fixed and the other facilities locations are to be determined. A superstructure of complete biomass supply chain model and weekly periods are considered (Figure 1 ). In order to support the model formulation, we use a standardized format for the activity model.
Mathematical Model Description
Thanks to the activity model and a deep literature analysis, we have identified that the model proposed by (Eksioglu et al., 2009) gives an interesting base to design the supply chain and manage the logistics of biorefineries. This model relies on three types of discretization: Spatial discretization: it consists in decomposing the particular area under study into counties. For each county, we identified the harvesting sites, the blending facilities and the town where facilities can potentially be located. Size discretization: the collection facilities and biorefineries capacities are decomposed onto a finite number of potential facilities sizes, i.e. capacity of production. Multiperiod discretization: to take into account the dynamic nature of the decision and the biomass seasonality, the time horizon T is decomposed into a finite number of time periods. In the remainder of the paper the time horizon T is one year and the time period is fixed to one week to be coherent with the data. As the basic model was described in the paper of (Eksioglu et al., 2009) , the remainder of this article presents the model evolutions and the new equations relating to the evaluation of environmental and social criteria. Our mathematical model adds two major evolutions: -1-in the original model, there is only one type of biorefineries with different sizes. In our model we have the possibility to choose between different types of biorefineries with their specific production capacity, operating costs, investment costs This improvement is important because it allows to compare the first and second (and later the third) generation of biorefineries. This comparison is not a posteriori but a priori as the choice of the biorefineries type is a decision variable of the model. Furthermore, with this modification the original MILP model has been transformed into a MINLP one because of new economic terms in the objective function. But a piecewise linearization of the investment costs permits to keep a MILP form to the model. -2-probably the most important evolution is the multi criteria aspect of our objective function since it adds new constraints to the model. Indeed we found very different results according to the criterion that we wanted to favour. In addition to the economic and environmental criteria, we have included a social evaluation of a supply chain. The description of the different terms of the objective function is given.
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Figure 1 Superstructure of biomass supply chain model
Economic criteria: The costs of the supply chain are: the cost of raw material, transporting the raw material to the collection facility, the cost of handling and storage of biomass, the cost of transport to the biorefineries, the cost of transformation into bioethanol (discounted investment and operating costs for one year) and the cost of final transport to the blending facilities. Environmental criteria: To evaluate the environmental impact, the Ecocosts are used. Ecocosts are a measure that expresses the environmental load of a product on the basis of prevention of that burden during the product life cycle: from the raw materials until its end of life. This indicator represents the necessary costs that should be made to counteract the negative impact of the activity made on the capacity of earth (Cucek, et al., 2012a) . It quantifies the impact in terms of pollution and material depletion by allocating a cost penalizing the use of an alternative that would reduce its impact on the environment and would be called sustainable solution. The total Ecocosts are calculated with the sum of the following contributions: (i) Depletion of natural resources, (ii) Effect on ecosystems, (iii) Effects on human health, and (iv) Global warming (CO2 and other greenhouse gases). Ecocosts allow quantifying the environmental impact as a simple indicator easy to understand and compare with other criteria, for example economic. Furthermore, as (Cucek, et al., 2012a) have underlined, the main advantages of these Ecocosts are: (i) they are expressed as a monetary value, (ii) there is no need to compare with another product (often the case with other life cycle assessment methods), and (iii) calculations are based on European price levels and the costs are updated. In our study, Ecocosts are applied to all the activities of the supply chain. The more penalising conditions are applied in order to not underestimate this environmental impact. For calculations, the different eco-costs are divided into two groups depending on whether they are fixed or variables: -Those that do not change whatever the solution such as cultivation of corn, denaturant added -Those that can have an influence on the solution and depend on decision variables of the model such as: transportation, energy consumption, creation of collection facilities or biorefineries Social criteria: In their review on footprint as defined indicators on order to measure impacts on sustainability (Curcek et al., 2012b) have eight social footprints: human rights, corruption, poverty, online social (online information available about a person), job, work environmental (number of lost day per unit of product or number of accidents per person), food to energy (competition between the food and energy sectors) and health. Moreover, for the design of a new system in a specific region some criteria would have no influence on the choice between some alternatives as they would not undergo large variations. As a result, for our application we only keep the employment criteria. The number of job created can be divided into three categories: -Direct jobs: number of jobs directly created by the activity -Indirect jobs: number of workers in subcontractors working for the new activity. -Induced jobs: number of jobs created in the local economy. This number evaluates the employments generated by the two previous categories due to their (and their families) consumption in the local economy. It depends on the firm location because it will be more important in rural area than in densely populated area. The difficulty of the number of jobs created calculation is that it depends on many parameters like: the size of the firm, the activity sector, the level of automation, production quantity Our method is based on economic data coming from the annual event and not the initial investment. Therefore, one of the advantages is the consideration of the evolution of a firm in the time that includes all the firm features. Also, job indicators are linked to the economic situation of a firm and not a supposed state estimated when it was under construction. The goal of this study is to be able to give a good estimation of employment for a new company and its impact on local employment faster and with very few data. To validate our approach, we use balance sheets published of companies in France between 2010 and 2014. We selected several companies in different sectors to compare if there is an impact on the estimation and if the proposed method can work with any kind of company. However there are some limitations as the size of samples for each sector and the validity of them. The sectors chosen are the following: Rubber and plastic, Chemical sector, Steel sector. With this way to estimate jobs we have an error of ±15%. To estimate the indirect and induced jobs we use the following equations: IndirectJobs = pCA *NbW
Where pCA is the part of turnover coming from the activity studied on the global turnover of the contractor and NbW is the number of jobs in the subcontractor. InducedJobs = JIA *PWLP *(DJ + IJ) *SF/P Where DJ is the number of direct jobs, IJ number of indirect jobs, SF the average household in the place where the activity is, P the size of the population, PWLP the part of local workers supported by the local population and JIA number of jobs working in the area of the study. The parameter SF, P and PWLP are given data coming from the French statistical institute INSEE in 2012.
Multi Objective optimization methodology
The CPEX 12.5 algorithm implanted in ILOG is used to solve the mono objective optimization problem. The criteria are antagonistic and moreover a range of each criterion is very large. In this case, it is very important to find a good compromise between these three criteria. Several alternatives can be proposed: build the Pareto Front using an epsilon constraint method and use a Multi Criteria Decision Methodology like (Topsis) or use a goal Programming methodology. A post optimal analysis in the mono objective optimization leads to the fact that the binary variables are the most sensitive variables in the MILP optimization. Generally speaking, in the great majority of works dealing with optimization network design, the formulation of the problem only contains continuous variables what leads to continuous (or discontinuous by jumps) Pareto curves. Although not always fast enough, the research of a feasible solution in this case is consequently easy because one solution is known to exist. The great advantage of applying the methodology of goal programming to problems of supply chain network design is to avoid the generation of a complex research tree with no solutions available and thus large computational times. This method has never been applied to networks design although it is performing and particularly adapted to these problems containing binary variables and very few solutions in the research interval. The aim of the goal programming methodology is to minimize the deviation of the different objective functions. In order to do it, objective functions become constraints and deviation variables are added to them. So the value that restricts the constraint is the sum of the goal and the deviation. In this case, the goal value for each constraint is obtained when minimizing each objective function separately. Then, the objective function is the sum of all deviation variables.
Results and discussions
The problem is based 400 000 t per year of ethanol production in the south west of France using corn and wood as a raw material. In the table 1, the raw materials using in this biorefineries are corn and wood. Several optimizations are realized with different weights in the goal programming method to explore some points around the best compromise. The environmental impact is lower when using more wood than corn due to the storage circumstances. In addition, the best economical solution is the one that establishes a single biorefinery and uses 75% of wood. The solution that provides more employment processes more wood than corn. The investment required for the project as defined in this section ranges from 330 million to over 420 million euros per year, depending on the number of biorefineries. This investment in biorefineries would generate between 1,500 and 3,000 jobs directly related to the biorefinery and induced jobs, for example in local trade. Either the price of bioethanol 0.73 / liter from the sale of 400,000 tonnes of bioethanol would be around 370 million euros.
Category / Weights
Economic: 1 Eco-cost: 
Conclusions
In this study, using the goal programming methodology, the bioethanol supply chain is optimized in the case of the first and the second generation. This methodology well suited for this kind of problem in order to find the compromise point between the three objectives. Moreover, the raw material is a mix of corn and wood. Biorefineries correspond to an economic model of a mature industrial sector. The actors can then determine with very competitive prices and all parameters have been optimized (purchasing, logistics, processing, etc) . However, the study will be continued using a production of biobutanol, or a third-generation bioethanol.
